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1 Introduction

Digital images today are captured and reproduced usinglaqukeof differentimag-
ing technologies (e.g. digital still cameras based on CMOSED sensors, Plasma
or Liquid Crystal Displays, inkjet or laser printers). Eveithin the same type of
imaging technology there are many parameters which infleettee processes, re-
sulting in a large variation in the "color behaviour” of tleedevices.

It is therefore a challenge to achieve color consistenayuiihout an image re-
production workflow, even more so since such image reprémugtorkflows tend
to be highly distributed and generally uncontrolled. Thigltenge is relevant for
a wide range of users, from amateurs of photography to psfesls of the print-
ing industry. And as we try to advocate in this chapter, itls®aighly relevant to
researchers within the field of image processing and arsalysi

In the next section we introduce the field of cross-mediarc@production, in-
cluding a brief description of current standards for colanagement, the concept
of colorimetric characterization of imaging devices, anbbcgamut mapping. Then,
in Section 3 we focus on state of the art and recent reseaittie ioharacterization
of displays. In Section 4 we consider methods for invertiisplady characterization
models; this is an essential step in cross-media color dejtmn, before discussing
quality factors, based on colorimetric indicators, brigfisection 5. Finally, in Sec-
tion 6 we draw some conclusions and outline some directionifther research.

2 Cross-media color reproduction

When using computers and digital media technology to aegsiore, process, and
reproduce images of colored objects or scenes, a digitat sphce is used, typically
RGB describing each color as a combination of variable amoointise primaries
red, green, and blue. Since most imaging devices “spB&kBone may think that
there is no problem with this. However every individual a@evinas its own definition
of RGB that is, for instance for output devices such as displayshfe same input
RGBvalues, different devices will produce significantly diffat colors. It usually
suffices to enter the TV section of an home electronics stoteetreminded of this
fact.

So therefore, thRGBcolor space is usually not standardized, and every individ-
ual imaging device has its own definition of it, i.e. its vemyrorelationship between
the displayed or acquired “real-world” color and the copasdingRGBdigital color
space. Achieving color consistency throughout a complekdistributed color re-
production workflow with several input and output deviceshisrefore a serious
challenge; achieving such consistency defines the reséeldbf cross-media color
reproduction.

The main problem is thus to determine the relationships éetwhe different
devices’s color “languages,” analogously to colour “diotries.” As we will see
in the next subsections, a standard framework has been d€&alwr management
system), in which dictionaries (profiles) are defined fordaVices; between their



Contents 5

native color language and a common, device-independegtitage. Defining these
dictionaries by characterizing the device’s behavioueisalibed in Section 2.2-2.2,
while Section 2.3 addresses the problem of when a devicdysihops not have rich
enough “vocabulary” to reproduce the colors of a certaingma

2.1 Color Management Systems

By calibrating color peripherals to a common standard, €blanagement System
(CMS) software and architecture makes it easier to matatredihat are scanned to
those that appear on the monitor and printer, and also tomators designed on
the monitor, using for example CAD software, to a printedwdoent. Color manage-
ment is highly relevant to persons using computers for waykvith art, architecture,
desktop publishing or photography, but also to non-pridesds, as for example,
when displaying and printing images downloaded from therhmgt or from a Photo
CD.

To obtain faithful color reproduction, a Color Managemeyst8m (CMS) has
two main tasks. First, colorimetric characterization af fferipherals is needed, so
that thedevice-dependemlor representations of the scanner, the printer, and the
monitor can be linked to device-independemrblor space, the Profile Connection
Space (PCS). This is the procesgaodfiling. Furthermore, efficient means for pro-
cessing and converting images between different reprasens are needed. This
task is undertaken by the Color Management Module (CMM).

The industry adoption of new technologies such as CMS depstidngly on
standardization. The International Color Consortium (J&Ct p: / / www. col or .
or g) plays a very important role in this concern. The ICC wasldisaed in 1993
by eight industry vendors for the purpose of creating, priamgoand encouraging
the standardization and evolution of an open, vendor-aguross-platform color
management system architecture and components.

For further information about color management systemitacture, as well as
theory and practice of successful color management, refdret ICC specification
[ICC, 2004] or any recent textbooks on the subject, such adciGengineering”,
[Green and MacDonald, 2002].

Today there is wide acceptance of the ICC standards, areteliff studies such
as one by Schlapfer et al. [1998] have concluded that cobmmagement solutions
offered by different vendors are approximately equal, &iatl¢olor management has
passed the breakthrough phase and can be considered andhiideful tool in color
image reproduction.

However, there is still a long way to go, both when it comesdfiveare de-
velopment (integration of CMS in operating systems, usentlliness, simplicity,
etc.), research in cross-media color reproduction (betéor consistency, gamut
mapping, color appearance models, etc.), and standdatiz&blor management is
a very active area of research and development, thougtelintiy our knowledge
on the human perception process. Thus in the next sectiansyilvbriefly review
different approaches to the colorimetric characterizatbimage acquisition and
reproduction devices.
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2.2 Device colorimetric characterization

Successful cross-media color reproduction needs theratibh and the character-
ization of each color device. It further needs a color cosiger algorithm, which
permits to convert color values from one device to another.

In the literature, the distinction between calibration ahdracterization can vary
substantially, but the main idea usually remains the sagranktance, some authors
will consider a tone response curve establishment as a péut galibration, others
as a part of the characterization. These difference doen@ab too much in practice
and is just a matter of terminology. Let us consider the foilg definition:

Thecalibration process put a device in a fixed state, which will not changke wit
time. For a color device, it consists in setting up the devegtings can be position,
brightness, contrast, and sometimes primaries and gantea, e

Thecharacterization process can be defined as understanding and modeling the
relationship between the input and the output, in order tdroba device for a given
calibration set-up. For a digital color device, this meaitseg to understand the
relationship between a digital value input and a producéolrdor an output color
device (printer, display) or, in the case of an input coloride (camera, scanner), to
understand the relationship between the acquired colottendigital output value.
Usually, a characterization model is mostly static, an@fging on the capability of
the device to remain in a fixed state, thus on the calibratem s

As stated above, the characterization of a color device isdefing step, which
permits to relate the digital value that characterizes #heog and the actual color
defined in a standard color space, suciCHsXYZ

There are different approaches to modeling a device.

One can consider physical approach, which will aim to determine a set of
physical parameters of a device, and uses these in a physade! based on the
technology definition. Such an approach has been extepsiset for CRT displays,
and also for cameras it is quite common. In this case, thdtimgwaccuracy will
be constrained by how well the device fits the model hyposhasd how accurate
the related measurements were taken. Commonly a physicakd@odel consists
in a two steps process. First, a linearization of the intgnmrgisponse curves of the
individual channels, i.e. the relation between the digitdlie and the corresponding
intensity of light. The second step is typically colorinmetinear transform (i.e. a
3x3 matrix multiplication). The characteristics of the@ainetric transform is based
on the chromaticity of the device primaries.

Another approach consists in fitting a data set with agynerical model. In
this case, the accuracy will depend on the number of dateheindistribution and
on the interpolation method used. Typically a numerical el@buld require more
measurement, but would make no assumption on the deviceibeh&/e can note
that the success of such a model will depend also on the d¢gmddhe model to fit
with the technology anyway.

For a numerical method, depending on the interpolation otktised, one have
to provide different sets of measures in order to optimizerttodel determination.
This implies to first define which color space is used to makthalmeasures. The
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CIEXYZcolor space seems at first to be the best choice considedngdime nu-
merical method would use its vectorial space propertiesesstully, particularly
additivity, in opposition withCIELAB. An advantage is that it i@bsoluteand can be
used as an intermediary color space to a uniform color sgzi&t AB, which is rec-
ommended by th€IE for measuring the color difference when we will evaluate the
model accuracy (thAE in CIELABcolor space). However, since we define the error
of the model, and often the cost function of the optimizapioocess as an Euclidean
distance inCIELAB, this color space can be a better choice.

These sets of measures can be provided using a specific @ptiotor chart,
or a first approach can be to use a generic color chart, whioWwsto define a first
model of characterization.

However, it has been shown that it is of major importance teeteagood distri-
bution of the data everywhere in the gamut of the device ane marticularly on the
faces and the edges of the gamut, which is roughly fitting thithedges and faces of
theRGBassociated cube. These faces and edges define the colorgfaimeitolor
device. The problem with acquisition device such as canmgthat the lighting con-
ditions are changing, and it is really hard to have a dedicdtga set of patches
to measure for every possible conditions. Thus, optimaittshave been designed,
which color patches spectral characteristics are madedier arot to relatively vary
with changing of a given number of illuminants [MAIER and RENART, 1990].1

Another possibility is that, based on a first rough or draftiglpone can provide
an optimal data set to measure, which takes into accountdhdimearity of the
input device. There are several methods to minimize erraestd the non-linear
response of devices. By increasing the number of patchesawéghten the mesh’s
sampling. This method can be use to reach a lower error. tinfately, it might not
improve much the maximum error. To reduce it, one can decidge¢r-sample some
particular area of the color space. The maximum error is erbtiundaries of the
gamut, since there are fewer points to interpolate, andsmatiy luminosity areas, as
our eyes can easily see small color differences in dark sofanally, one can solve
this non-linearity problem by using a non-linear data sstriiution, which provides
a quite regular sampling in tHelELAB color space.

Characterization of input devices

An input device has the ability to transform color inforneattiof a scene or an orig-
inal object into digital values. A list of such devices woindlude digital still cam-
eras, scanners, camcorders, etc. The way it transform®tbeicformation is usu-
ally based on (three) spectral filters with their highegtsraission or resulting color
around a Red, Green and Blue part of the spectrum. The itydosieach filter will

be related to th&GBvalues. A common physical model of such a device is given as

p=1(v)= [LARA)SA)A, (1)

1ICOMMENT: .. With more or less success. This paragraph neigson and improve-
ment, maybe redistribute a part to the next subsection? ISTIL
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wherep is the actual digital value output,is the non linearized valué(A), R(A),
S(A) are the spectral power distribution of the illuminant, thecral reflectance of
the object, and the spectral sensitivity of the sensoruting a color filter.

The input device calibration includes the setup of the tixgosure, the illumi-
nation (for a scanner), the contrast setup, the color fjletcs

In the case of input devices, let us call the forward tramaftire transform which
relates the acquired color with the digital value, e.g. ession fromCIEXYZto
RGB Meanwhile the inverse transform will estimate the acqlizelor given digital
value caught by the device, e.g. converts fie@Bto CIEXYZ

The input device characterization can be done using a pdiysiodeling or a
combination of numerical methods. In the case of a physiaadeting, the tone
response curves will have to be retrieved; the spectrastngssion of the color fil-
ters may have to be retrieved too, in order to determine ttt@iomaticities, thus
establishing the linear transform between intensity lirzea values and the digital
values. This last part requires usually a lot of measurespamid may requires the
use of a monochromator or an equivalent expensive tool.derdo reduce this set
of measurements, one need to make some assumptions anddmeatonstraints to
solve the related inverse problem. Such constraints cahdombdality of the spec-
tral response of a sensor or that the sensor response cunieddted with just a
few number of the first fourier coefficients [Barnard and F@@02], [Sharma and
Trussell, 1993], [Sharma and Trussell, 1996], [Finlaysbal ¢ 1998]. Such models
would mostly use th€IEXYZcolor space or another space which has the additivity
property.

Johnson [1996] gives advices to achieve a reliable colostoamation for both
scanner and digital cameras. In this article, one can finerd@/characterization pro-
cedures, based on the camera colorimetric evaluation asseg of test images. The
best is to find a linear relationship to map the output valodké input target (each
color patch). The characterization matrix, once more, iges the transformation
applied to the color in the image. In many cases the regnessialysis shows that
the first order linear relationship is not satisfactory artdgher order relationship
or even non-linear processing is required (log data, ganorraction or S-shape for
example). Lastly, if a matrix cannot provide the transfotiorg then a LUT (Look
Up Table) will be used. Unfortunately, the forward transfiaran be complicated and
quite often produces artifacts [Johnson, 1996]. Possiligisns to the problems of
linear transformations encountered by Johnson are lgasirss fitting, non linear
transformations or look-up-tables with interpolation.the last case, any scanned
pixel can be converted into tristimulus values via the logktable(s) and interpola-
tion is used for intermediate points which do not fall in thble itself. This method
is convenient for applying a color transformation when & firgler solution is not
relevant. It can have a very high accuracy level if the cowesproperly selected.

The colorimetric characterization of a digital camera waalgzed by Hong et al.
[2001]. An investigation was done to determine the influesfd@e polynomial used
for interpolation and the possible correlation betweerREB channels. The chan-
nel independence allows us to separate the contributiopedtsal radiance from
the three channels. Hong et al. [2001] also checked thegioacdf the model with
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respect to the training samples data size provided and hertance of the color pre-
cision being either 8 or 12 bits. According to the authoreré¢rare two categories of
color characterization methods: either spectral seiityitbased (linking the spectral
sensitivity to the CIE color matching functions) or colorgat based (linking color
patches to the CIE color matching functions). These twotgwois lead to the same
results, but the methods and devices used are differenttr@psensitivity analy-
sis requires special equipment like a radiance meter andr@choomator; while a
spectrophotometer is the only device needed for the calgetdased solution. Typ-
ical methods like 3D lookup tables with interpolation anttagolation, least square
polynomials modeling and neural networks can be used fotrtresformation be-
tweenRGBandCIEXYZvalues, but in this article, polynomial regression is uged.
for each experiment only one parameter (like polynomiakagrdumber of quanti-
zation levels, or size of the training sample) changesAthg, difference is directly
linked to the parameter.

Articles published on this topic are rare, but charactéiopeof other input de-
vices with a digital output operates the same way. Noriega.g2001] and Gatt
et al. [2003] further propose different transformatiortigiques. These articles dis-
cuss the colorimetric characterization of a scanner andgative film. In the first
article [Noriega et al., 2001], the authors decided to uastlequares fitting, look
up tables and distance weighted interpolation. The origyneomes from the use of
the Mahalanobis distance used to perform the interpolaliba second article [Gatt
et al., 2003] deals with the negative film characterizatistance weighted inter-
polation, Gaussian interpolation neural networks and lirear models have been
compared using Principal Component Analysis. In theseaatage studies, the mod-
els were trained with the Mahalanobis distance (still usiregcolor difference as a
cost function) and neural networks.

Characterization of output devices

An output device will be any device that will reproduce a eolo this category fall
printers, projection systems, monitors.

In this case, the input to the device is a digital value, andwilecall the forward
transform the transform that predicts the color displayedfgiven input, e.JRGB
to CIEXYZ The inverse or backward transform will then define whichtedigralue
we have to input to the device to reproduce a wanted colar(#EXYZto RGRB

The characterization approach for the output devices armian®similar to that
of input devices. One have to determine a model based on d setasured color
patches.

The main advantage of output devices is the fact that we amigddynamic char-
acterization process, i.e. we may use a small set of coloetd & draft model, then
create an optimal color chart, which will allow an accuratéoc characterization of
the output device. With printers, this would require a bitrefnual intervention, with
displays this could be fully dynamic and automatic.
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2.3 Color gamut considerations

A color gamut is the set of all colors that can be produced biyengdevice or that
are present in a given image. Although these sets are inipléndiscrete, gamuts
are most often represented as volumes or blobs in a 3D coémespsing a gamut
boundary descriptor [Bakke et al., 2010]. When images abe teproduced between
different devices, the problem of gamut mismatch has to deesded. This is usually
referred to as color gamut mapping. There is a vast amouriteoature about the
gamut mapping problem. Fortunately, much of this was surim@dby Morovic and
Luo [2001].

To keep the image appearance, some constraints are usaaidered while
doing a gamut mapping:

Preserve the grey axis of the image and aim for maximum lunci@&ontrast.
Reduce the number of out of gamut colours.

Minimize hue shifts.

Increase the saturation.

CIELABIs one of the most often used color space for gamut mappirighbte
are deficiencies in the uniformity of hue angles in the blugae. To prevent this
shift, one can use Hung and Berns’ data to correctGHeLAB color space [Braun
et al., 1998]. To map a larger source gamut into a smalleirdggin gamut of a
device with a reduced lightness dynamic range, often afiliglatness remapping
process is applied. It suffers from a global reduction ingbeceived lightness con-
trast and an increase in the average lightness of the rerdappage. It is of the
utmost importance to preserve the lightness contrast. Aptacg lightness rescaling
process has been developed by Braun and Fairchild [199@]lightness contrast
of the original scene is increased before the dynamic rangeression is applied
to fit the input lightness range into the destination gamhts process is known as
a sigmoidal mapping function, the shape of this functiors aidthe dynamic range
mapping process by increasing the image contrast and bygireglthe low-end tex-
tural defects of hard clipping.

We can categorize different types of pointwise gamut mapfgnhnics (See Fig-
ure 1); gamut clipping only changes the colours outside the reproduction gamut
while gamut compression changes all colours from the original gamut. The knee
function rescaling preserves the chromatic signal thrabgtcentral portion of the
gamut, while compressing the chromatic signal near the edfi¢he gamut. The
sigmoid-like chroma mapping function has three linear sesy the first segment
preserves the contrast and colorimetry, the second segmarnnid-chroma boost
(increasing chroma) and the last segment compresses tté gamut chroma val-
ues into the destination gamut.

Spatial gamut mapping has become an active field of reseatble recent years
[Kimmel et al., 2005, Farup et al., 2007]. In contrast to thewentional color gamut
mapping algorithms, where the mapping can be performedamdéor all and stored
as a look-up table, e.g., in an ICC profile, the spatial athors are image dependent
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Fig. 1. Scheme of typical gamut mapping techniques.

by nature. Thus, the algorithms have to be applied for eviaglesimage to be re-
produced, and make direct use of the gamut boundary deseriptany times during
the mapping process.

Quality assessment is also required for the evaluation ofujanapping algo-
rithms, and extensive work has been carried out on subgasgessment [Dugay
et al., 2008]. This evaluation is long, tiresome, and evereasive. Therefore objec-
tive assessment methods are preferable. Existing workiemtrolves image quality
metrics, for example by Bonnier et al. [2008] and by Hardgletral. [2008]. How-
ever, these objective methods can still not replace subgeassessment, but can be
used as a supplement to provide a more thorough evaluation.

Recently, Alsam and Farup [2009] presented a novel, cortipogdly efficient,
iterative, spatial gamut mapping algorithm. The proposgdrahm offers a compro-
mise between the colorimetrically optimal gamut clippinglahe most successful
spatial methods. This is achieved by the iterative natutb®imethod. At iteration
level zero, the result is identical to gamut clipping. Therenwe iterate the more we
approach an optimal, spatial, gamut mapping result. Optsndefined as a gamut
mapping algorithm that preserves the hue of the image cakrgell as the spatial
ratios at all scales. The results show that as few as fivetidasaare sufficient to
produce an output that is as good or better than that achiaveekvious, compu-
tationally more expensive, methods. Unfortunately, théhoe also shares some of
the minor disadvantages of other spatial gamut mappingithges: halos and desat-
uration of flat regions for particularly difficult images. @ite is therefore much work
left to be done in this direction, and one promising idea imtmrporate knowledge
of the strength of the edges.
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3 Display color characterization

This section will study in depth display colorimetric cheterization. Although

many books investigate color device characterizatiory, thestly focus on printers
or cameras, which have been far more difficult to charactethan displays dur-
ing the CRT era; thus, mostly a simple linear model and a gacon&ction were

addressed in books when considering displays. With the genee of new tech-
nologies used to create newer displays in the last fifteemnsy@aalot of work has

been done concerning this topic, and a new bibliography amdmethods have ap-
peared. Many methods have been borrowed from printers oer@athough, but the
way to reproduce colors and the assumptions one can do &eedif when talking

about displays, so the results or the explanation of why aakhiscjood or not are
slightly differents. We propose to discuss the state of ttheuad the major trends
about display colorimetric characterization in this sati

3.1 Stateof theart

Many color characterization methods or models exist; weatassify them in three
groups. In a first one, we find the models, which tend to modgsighlly the color
response of the device. They are often based on the assungftindependence
between channels and of chromaticity constancy of prirsafiben, a combination
of the primary tristimulus at the full intensity weighted thye luminance response
of the display relatively to a digital input can be used tofpen the colorimetric
transform. The second group can be called numerical modibksy are based on
a training data set, which permits optimization of the paetars of a polynomial
function to establish the transform. The last category ist&1sf 3D Look Up Table
(LUT) based models. Some other methods can be considergtbad.iThey can be
based on a dataset and assume some physical propertieslafiitag/, such as in the
work of Blondé et al. [2009].

3D LUT models

The modelsin the 3D LUT group are based on the measuremenlsfireed number
of color patches, i.e. we know the transformation betweenrthut values (i.eRGB
input values to a display device) and output values GIEXYZor CIELABvalues)
measured on the screen by a colorimeter or spectrometeniahrsumber of color
space locations (see Figure 2). Then this transformatigen&ralized to the whole
space by interpolation. Studies assess that these methiodskieve accurate results
[Bastani et al., 2005, Stauder et al., 2007], depending®ndmbination of the inter-
polation method used [Kasson et al., 1995, Amidror, 2002} 3tein, 1989, Nielson
et al., 1997, Akima, 1970], the number of patches measuretipa their distribu-
tion [Stauder et al., 2007] (note that some of the interpatetnethods cited above
cannot be used with a non-regular distribution). Howewebg precise enough, a lot
of measurements are typically required, i.e. a<1I®D x 10 grid of patches measured
in Bastani et al. [2005]. Note that such a model is technoladgpendent since no
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assumptions are made about the device but that the displawmays have the same
response at the measurement location. Such a model ne&dstdrigge capacity and
computational power to handle the 3D data. The computdtfmwer is usually not
a problem since Graphic Processor Units can perform thid &intask easily to-
day [Colantoni and Thomas, 2009]. The high number of measemn¢s needed is a
greater challenge.

Fig. 2. 3D lookup table for a characterization process fie@Bto CIELAB.

Numerical models

The numerical models suppose that the transform can be @pmated by a set of
equations, usually an n-order polynomial function. Theapaaters are retrieved us-
ing an n-order polynomial regression process based on mezasuts. The number
of parameters required involves a significant number of omessents, depending on
the order of the polynomial function [Green and MacDonaiD2Z]. The advantage
of these models is that they take into account channel @gpendence by applying
cross components factors in the establishment of the fuméitiatoh et al., 2001a,b,
Tamura et al., 2003]. More recently, an alternative methasl heen proposed by
Wen and Wu [2006] who removed the three-channel crosstatk the model, con-
sidering that the inter-channel dependence is only duedectrannel crosstalk, thus
reducing the required number of measurements. They olota@sailts as accurate as
when considering the three-channel crosstalk.

Radial Basis Function (RBF) permits to use a sum of low orddyrmomials
instead of one high order polynomial and has been used sfatigdn different
works [Colantoni and Thomas, 2009], [Colantoni et al., J0[&tauder et al., 2006],
[Stauder et al., 2007]. Mostly polyharmonc splines are psédch include Thin
Plate Splines (TPS) that Sharma and Shaw [2006] used faepsitno. TPS are a
subset of polyharmonic splines (bi-harmonic splines).r@®iaaand Shaw [2006] re-
called the mathematical framework and presented somecafipls and results for
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printer characterization. They showed that using TPS, #uokyeved a better result
than in using local polynomial regression. They showed liyatising a smoothing
factor, error in measurement impact can be avoided at thenmepof the computa-
tional cost that optimize this parameter, similar resulesevobserved by Colantoni
and Thomas [2009]. However, Sharma and Shaw [2006] did ndystata distribu-

tion influence (but they stated that the data distributiamiogprove the accuracy in
their conclusion) neither the use of other kernels for jptéation. This aspect have
been studied by Colantoni and Thomas [2009], which main@avwgment were in the
optimization of the selection of the data used to build thelehin an iterative way.

Physical models

Physical models are historically widely used for displasisce the CRT technology
follows well the assumptions cited above [Cowan and Rovi€IB6, Berns et al.,
1993a, Brainard, 1989]. Such a model typically first aimsriedrize the intensity
response of the device. This can be done by establishing &Irtfeat assumes the
response curve to follow a mathematical function, such aananga law for CRT
[Cowan, 1983, Berns et al., 1993b,a, Sharma, 2003], or aafeshcurve for LCD
[Yoshida and Yamamoto, 2002, Kwak and MacDonald, 2000, Ket&l., 2003].
Another way to linearize the intensity response curve isstoegalize measurements
by interpolation along the luminance for each primary [Rost Calhoun, 1989]. The
measurement of the luminance can be done using a photorBetee approaches
propose as well a visual response curve estimation, whergd® luminance point
for each channel is determined by the user to estimate thengavalue [Cowan,
1983]. This method can be generalized to the retrieval ofenhaminance levels in
using half toned patches [Neumann et al., 2003, Mikalser. e2@08]. Recently
a method to retrieve the response curve of a projection daising an uncalibrated
camera has been proposed by Bala and Braun [2006], Bald20@¥] and extended
by Mikalsen et al. [2008]. Note that it has been assumed|lieatdrmalized response
curve is equivalent for all the channels, and that only ttey devel response curve
can be retrieved. In the case of a doubt about this assumyitisrof use to retrieve
the three response curves independently. Since visuahlmoe matching for the
blue channel is a harder task, it is of use to perform an iitienstching for the red
and green channel, and a chromaticity matching or gray badgrior the blue one
[Klassen et al., 2005]. This method should not be used witfeptors though, since
they show a large chromaticity shift with the variation gbirt for the pure primaries.
A model has been defined by Wyble and Zhang [2003], Wyble arsRf2004]
for DLP projectors using a white segmentin the color wheh&ir model, the char-
acteristics of the luminance of the white channel is reatewith regard to additive
property of the display, given the four-tupl@®, G, B,W) from an input(d,, dg, dy).
The second step of these models is commonly the use gfaratrix containing
primary tristimulus values at full intensity to build thelodmetric transform from
luminance to an additive independent color space. The pigmaan be estimated by
measurement of the device channels at full intensity, usicgorimeter or a spectro-
radiometer, assuming their chromaticity constancy. Iicfica this assumption does
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not hold perfectly, and the model accuracy suffers from.thhe major part of the
non constancy of primaries can be corrected by applying eklb&set correction
[Jimenez Del Barco et al., 1995]. Some authors tried to mizenthe chromaticity
non-constancy in finding the best chromaticity values ofmjaries (optimizing the
components of the 8 3 matrix) [Day et al., 2004]. Depending on the accuracy re-
quired, it is also possible to use generic primaries sucbRE3B[Anderson et al.,
1995] for some applications [Bala and Braun, 2006, Bala.e2@D7], or data sup-
plied by the manufacturer [Cowan, 1983]. However, the usesimple 3x 3 matrix

for the colorimetric transform leads to inaccuracy due toltitk of channel indepen-
dence and of chromaticity constancy of primaries. An alive approach has been
derived in the masking model and modified masking model, makes into account
the cross-talk between channels [Tamura et al., 2003]hEtntore, the lack of chro-
maticity constancy can be critical, particularly for LCxk#ology, which has been
shown to fail this assumption [Brainard et al., 2002, Kwak &acDonald, 2000].
The Piecewise Linear assuming Variation in ChromaticityM@) [Farley and Gut-
mann, 1980] is not subject to this effect, but has not beeelyidsed since Post and
Calhoun [1989] demonstrated that among the models thesct@stheir article, the
PLVC and the Piecewise Linear assuming Chromaticity CoregtéPLCC) models
were of equivalent accuracy for the CRT monitors they tesiad last one requiring
less computation, it has been more used than the former beseTesults have been
confirmed in studies on CRT technology [Post and Calhoun9,12@00], especially
with a flare correction [Jimenez Del Barco et al., 1995, Thertaal., 2008a]. On
DLP technology when there is a flare correction, results @eduivalent [Thomas
et al., 2008a]. However, the PLVC can give better results 6D& [Thomas et al.,
2007, 2008a].

Other models exist, such as the 2-steps parametric modebged by [Blondé
etal., 2009]. This model assumes separation between chioityand intensity, and
is shown to be accurate, with averagjg;,'s around 1 or below for one DLP projec
tor and a CRT monitor. The luminance curve is retrieved, astioer physical mod-
els, but the colorimetric transform is based on 2D interfiatain the chromaticity
plane based on a set of saturated measured colors.

The case of subtractive displays

An analog film projection system in a movie theater was stlibig Alleysson and
Susstrunk [2002]. A Minolta CS1000 spectrophotometer wsesluo find the link
between the RGB colors of the image and the displayed cdtoreach device, red,
green, blue, cyan, magenta, yellow and grey levels were unedsThe low lumi-
nosity levels didn't allow a precise color measurement wlith spectrophotometer
at their disposal. For the 35 mm projector, it was found thatdolor synthesis is
not additive, since the projection is based on a subtraatigthod. It is difficult to
model the transfer function of this device, the measuresaidre reproduced as both
measure and projection angles change, moreover, the lagera not the same all
over the projected area. The subtractive synthesis, byvismmoomponents from the
white source, cannot provide the same color sensation a®eeai screen or a com-
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puter screen, which are based on additive synthesis of redngand blue compo-
nents. Subtractive cinema projectors are not easy to deaizeas the usual models
are for additive synthesis. The multiple format transfatiores and data compression
led to data lost and artifacts.

Ado [2002] shows the gamut differences between CRT mon{®R®@&Badditive
method) and printed film«QMY dyes subtractive method). The main problem for a
physical modeling is the tone shift. In a matching processifa CRT to a film, both
gamut difference and mapping algorithm are important. Dyithe production step,
the minor emulsion changes and chemical processes canvduthan make small
shifts on the prints, leading to a shift on the whole produttiAn implementation
of a 3D LUT was successfully applied to convert color appeegdrom CRT to film
display.

3.2 Physical models
Display color characterization models

Physical models are easily invertible, do not require a foheasurements, require
a little computer memory, and do not require high computioger so they can be
used in real time. Moreover, the assumptions of channelpiexéence and chro-
maticity constancy are appropriate for the CRT technolbipyvever, these assump-
tions (and others such as spatial uniformity, both in lumaeand in chromatic-
ity, view angle independence, etc.) do not fit so well with soof today’s display
technologies. For instance the colorimetric characieridta part of an image in a
Plasma Display is strongly dependent of what is happenitigaisurrounding [Choi
et al., 2007] for energy economy reasons. In LC technologncivhas become the
leader for displays market, these common assumptions aneahid. Making such
assumptions can reduce drastically the accuracy of thacteization. For instance,
a review of problems faced in LC displays has been done byitasind Yamamoto
[2002]. Within projection systems, the large amount of fiadwuces a critical chro-
maticity shift of primaries.

In the same time, the computing power has become less anc Ipssblem.
Some models not used in practice because of their compleaitynow be highly
beneficial for display color characterization. This sattwovides definitions, anal-
ysis and discussion about display color characterizatiodets. We do not detail
hybrid methods or numerical methods in this section becteseshow less interest
for modelling purpose, and we do prefer to refer the readéredgapers cited above.
3D LUT based method are more considered in the part congenmixel’s inversion.

In 1983, Cowan [1983] wrote what is considered to be the moreticle in
the area of physical models for display characterizationthis work, the author
stated that a power function can be used, but is not the béstith the luminance
response curve of a CRT device. Nevertheless, the well krigaamma” model that
considers a power function to approximate the luminangearse curve of a CRT
display is still currently widely used.
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Whichever shape the model takes, the principle remainsaine sFirst, it esti-
mates the luminance response of the device for each chasired, a set of functions
monotonically increasing such as Equation 2. Note thatehelts of these functions
can also be estimated with any interpolation method, sihegptoblem of mono-
tonicity that can arise during the inversion process isnak® account. This step is
followed by a colorimetric transform.

Response curveretrieval

We review here two types of models. The models of the first sypebased on func-
tions, the second type is the PLCC model. This model is baséidear interpolation
of the luminance response curve and its accuracy has beesndaiated by Post and
Calhoun [1989] who found it the best among the models thagdg®@xcept in front
of the PLVC model for chromatic accuracy).

For function based model, the function used is the powertiondor CRT de-
vices, which is still the most used, even if it has been shdwanhit does not fit well
LC technology [Fairchild and Wyble, 1998]. It has been shahkat for other tech-
nologies, there is no reason to try to fit the device respongeavgamma curve,
especially for LCD technology that shows a S-shape respomse in most cases
(Figure 3) and a S-curve model can be defined [Yoshida and iYenig 2002, Kwak
and MacDonald, 2000, Kwak et al., 2003]. However, the gamumatfon is still of-
ten used, mainly because it is easy to estimate the responaewith a few number
of measurements, or using estimations with a visual magcbattern.

The response in luminance for a set of digital values inpdih¢odevice can be
expressed as follows:

Ya= f:(Dy)
Y = fg(Dg) )
Yg = fp(Dp),

wheref;, fy andfy, are functions that give théz, Yg andYg contribution in luminance
of each primary independently for a digital inddt, Dg, Dy. Note that for CRT de-
vices, after normalization of the luminance and digitalealthe function can be the
same for each channel. This assumption is not valid for LGIDrielogy [Sharma,
2002], and is only a rough approximation for DLP based pitmecsystems, as seen
for instance in the work of Seime and Hardeberg [2003].

For a CRT, for the channéle {r,g,b}, this function can be expressed as :

Yo = (andh + bn)*h, 3)

whereH € {R G,B} is the equivalent luminance from a chanhet {r,g,b} for a
normalized digital inpud,, with d,, = 2'?—1'1- Dy, is the digital value input to a channel
h andn is the number of bits used to encode the information for thenoel.ay, is
the gain andy, is the internal offset for this channel. These parametergstimated
empirically using a regression process.

This model is called Gain-Offset-Gamma (GOG) [Berns, 199&, 1996, Katoh
etal., 2001b]. If we make the assumption that there is nanateffset and no gain,

a=1andb =0, it becomes the simple "gamma” model.
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Fig. 3. Response curve i, Y andZ for an LCD display in function of the digital input for
respectively the red(a), green(b) and blue(c) channel.

Note that for luminance transforms, polynomials can beditietter in the log-
arithmic domain or to cube root function than in the lineam@in because the
eye response to signal intensity is logarithmic (Webensg)lag=or gamma based
models, it has been shown that a second order function withpavameters such
asLog(Y4) = by, x Log(dy) + ¢y x (Log(dh))? ? gives better results[Cowan, 1983]
and that two gamma curves should be combined for a betteramcin low lumi-
nance[Arslan et al., 2003].

For a LCD, it has been shown by Kwak and MacDonald [2000], Kwalkl.
[2003] that a S-shape curve based on 4 coefficients per cheandit well the in-
tensity response of the display.

Oh
dh

YH:AhXQh(dh):Athﬁ“Tq’

(4)

with the same notation as above, and with ay,, B, andCy, parameters obtained
using the least-squares method. This model is called Sedurv

The model S-curve Il considers the interaction between rdlan It has been
shown in [Kwak and MacDonald, 2000, Yoshida and Yamamot6228wak et al.,
2003] that the gradient of the original S-curve function fite importance of the

2Note that Post and Calhoun [1989] added a term to this equatihich became
Log(Yi) = a+ by x Log(dh) + cn.(Log(dh))%.
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interaction between channels. Then this component candhedied in the model in
order to take this effect into account.

YR = Arr X Ovgyg(Or) 4 Arg X %RYG (dg) + Arp X g/YRYB (),
YG = Agr X %GYR(dr) + Agg X OvgYs (dg) + Agp X QQGYB (db), (5)
Yg = Apr X %BYR(dr) + Apg X %BYG (dg) + Abb X OvpYe (db),

whereg(d) and its first-order derivativg' (d) are

_ g(d) = (a—B)xI P14 aCxr 1
dé+C’ (xB +C)2

g(d) (6)

To ensure the monotonicity of the functions for the S-cunadeds | and I,
some constraints on the parameters have to be applied. Weeletader to refer to
the discussion in the original article [Kwak et al., 2003] float matter.

For the PLCC model, the functiof is approximated by a piecewise linear
interpolation between the measurements. The approximéaiwvalid for a large
enough amount of measurements (16 measurements per chreRost and Calhoun
[1989]). This model is particularly useful when no infornaaitis available about the
shape of the display luminance response curve.

Colorimetrictransform

A colorimetric transform is then performed from thé, Y, Yg) "linearized” lumi-
nance to theCIEXYZcolor tristimulus.

X Xr max Xg,max Xb,max YR
Y| = Yr,max Yg,max Yb,max x| Yo (7)
z Zr,max Zg,max Zb,max Ys

where the matrix components are the tristimulus colorirnglues of each primary,
measured at their maximum intensity.

Using such a matrix for the colorimetric transform suppgsedect additivity
and chromaticity constancy of primaries. These assumptiane been shown to be
acceptable for CRT technology [Cowan and Rowell, 1986, riznal, 1989].

The channel inter-dependence observed in CRT technolagyiisly due to an
insufficient power supply and an inaccuracy of the electreants, which meet in-
accurately the phosphors [Katoh et al., 2001a]. In LC tetdmyg it comes from the
overlapping of the spectral distribution of primaries (twdor filters), and from the
interferences between the capacities of two neighboribgéstels [Seime and Hard-
eberg, 2003, Yoshida and Yamamoto, 2002]. In DLP-DMD prigecdevices, there
is still some overlapping between primaries and inaccuaadtie level of the DMD
mirrors.

Considering the assumption of chromaticity constancyears that when there
is a flare [Katoh et al., 2001a], either a black offset (in&rftare) or an ambient
flare (external flare), added to the signal, the assumptiamafmaticity constancy
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is not valid anymore. Indeed, the flare is added to the outignatand the lower
the luminance level of the primaries, the more the flare igaificant fraction of

the resulting stimulus. This leads to a hue shift toward fhekoffset chromaticity.

Often the flare has a "gray” (nearly achromatic) chromatj¢itus the chromaticities
of the primaries shift to a "gray” chromaticity (Figure 4ftlgpart). Note that the
flare "gray” chromaticity does not necessarily correspanthe achromatic point of
the device (Figure 4). In fact, in the tested LCD devices (Fég4, a, b, e, f), we
can notice the same effect as in the work of Marcu et al. [20# black level

chromaticity is bluish because of the poor filtering powethaf blue filter in the low

wavelength.

The flare can be taken all at once as the measured light fopan(ih ., dg k, dp ) =
(0,0,0) to the device. Then it includes ambient and internal flare.

The ambient flare comes from any light source reflecting ordibglay screen.
If the viewing conditions do not change it remains constaaty be measured and
taken into account, or can be simply removed in setting upla@aironment (note
that for a projection device, there is always an amount ditlihat lights the room,
coming from the bulb through the ventilation hole).

The internal flare, which is the major part of chromaticitganstancy at least
in CRT technology [Katoh et al., 2001a], is coming from thadi level. In CRT
technology, it has been shown that in setting the brightteeasigh level, the black
level increases to a non-negligible value [Katoh et al.,12Q0in LC technology, the
panel let an amount of light passing through due to a leakbtje@rystal to stop all
the light. In DLP technology, an amount of light can be notabsd by the "black
absorption box”, and is focused on the screen via the lens.

On Figure 4, one can see the chromaticity shift to the flareroaticity with the
decreasing of the input level. We have performed these memasnts in a dark room,
then the ambient flare is minimized, and only the black leeehains. After black
level subtraction, the chromaticity is more constant (Fégd), and a new model can
be setup in taking that into account [Jimenez Del Barco £1885, Hardeberg et al.,
2003, Katoh et al., 2001a,b].

The gamma models reviewed above have been extended in addaffget term.
Then the GOG can become a Gain-Offset-Gamma-Offset (GOGEehiKatoh
etal.,, 2001a,b, IEC:61966-3, 1999].

The previous equation 2 becomes:

Yh = (anth+bn) " +c, (8)

wherec is a term containing all the different flares in presence.dfagnsider the in-
ternal offseby, as null, the model becomes Gain-Gamma-Offset (GGO) [IE@B361
3,1999].

A similar approach can be used for the PLCC model. When thekldarrection
[Jimenez Del Barco et al., 1995] is performed, we name it PL&Che follow-
ing. The colorimetric transform used then is the Equatioha& permits to take the
flare into account during the colorimetric transformatibor the S-curve models,
the black offset is taken into account in the matrix formiglain the original papers.
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Fig. 4. Chromaticity tracking of primaries with variation of intgity. The left part of the figure
shows it without black correction. On the right, one can $eerésult with a black correction
performed. All devices tested in our PLVC model study arensh@-PLCD1, b-PLCD2, c-
PDLP, d-MCRT, e-MLCD1, f-MLCD2. Figures from [Thomas et,&008a].
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Fig. 4. Chromaticity tracking of primaries with variation of intgity. The left part of the figure
shows it without black correction. On the right, one can $eerésult with a black correction
performed. All devices tested in our PLVC model study arensh@a-PLCD1, b-PLCD2, c-
PDLP, d-MCRT, e-MLCD1, f-MLCD2. Figures from [Thomas et,&1008a]
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If we consider that mathematically, the linear transforamirthe linearizedRGB
to CIEXYZneeds to associate the originREBto the origin of CIEXYZin order to
respect the vectorial space property of additivity and hgemeity. Thus the original
transform of the origin oRGBto CIEXYZneeds to be translated pf X — Yk — Zy].
However, in doing that we modify the physical reality and vezd to translate the
result of the transformation dKYkZy]. We can formulate these transforms such as
in Equation 9.

Xemasc— X Xgman— X Xomax—Xe X ] | OR

X

Y| = | Yemax— Yk Ygmax— Yk Yomax— Yk Yk | X YG 9)
YA Zr,max— Z Zg,max_ Z Zb,max_ 4 Z f

TheAs, Ac {X,Y,Z}, come from a black level estimation.

Such a correction permits to achieve better results. Howewnehe right part of
Figure 4, one can see that even with the black subtractierprilmary chomaticities
do not remain perfectly constant. On Figure 4, right-a, ihaes a critical shift
especially for the green channel.

Several explanations are involved. First, there is a teldyyccontribution. For
LC technology, the transmittance of the cells of the panahdes within the input
voltage [Yeh and Gu, 1999, Brainard et al., 2002]. This lgadschromaticity shift
when changing the input digital value. For different LC diésfs, we notice a differ-
ent shift in chromaticity; this is due to the combination kdight/LC with the color
filters. Since the filters transmittances are optimizedniglito account the trans
mittance shift of the LC cells, the display can achieve gdadmaticity constancy.
For CRT, there are less problems due to the same phosphqarpes, as well for
DLP as the light and the filters remain the same.

However, even with the best device, there is still a small @mamf non-
constancy. This leads to a discussion about the accurabg ofitasured black offset.
Indeed, the measurement devices are less accurate in thenomance. Berns et al.
[2003] proposed a way to estimate the best black offset vé&lugay to overcome
the problems linked with remaining inaccuracy for LCD dedgdas been presented
by Day et al. [2004]. It consists in the replacement of théifensity measurement
of primary chromaticities colorimetric values by the optim values in the colori-
metric transformation matrix. It appears that the chroaigtshift is a major issue
for LCD. Sharma [2002] stated that for LCD devices the asdionwf chromaticity
constancy was weaker than the channel inter-dependence.

More models that linearize the transform exist. In this isecive presented the
ones that appeared to us as the more interesting, or the movwenk

Piecewise Linear model assuming Variation in Chromaticity

Defining the Piecewise Linear model assuming Variation ino@taticity (PLVC) in
this section has many motivations. First, it is the first igpgolor characterization
model introduced in the literature as far as we know. Segpitdt an hybrid method,
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considering that it is based on data measurement and assusreall amount of
hypothesis on the behavior of the display. Finally there s&etion in next chapter
devoted to the study of this model.

According to Post and Calhoun [1989], the first persons whe latroduced
the PLVC were Farley and Gutmann [1980] in 1980. Note thatatpded the well
known article from Cowan [1983]. Further studies have beerfopmed afterward
on CRT [Post and Calhoun, 1989, 2000, Jimenez Del Barco ,et295], and re-
cently on more recent technologies [Thomas et al., 20078200 his model does
not consider the channel inter-dependence, but does muelehtomaticity shift of
the primaries. In this section, we recall the principlesha$ tmodel, and some fea-
tures that characterize it.

Knowing the tristimulus values of, Y, andZ for each primary as a function of
the digital input, assuming additivity, the resulting aotdstimulus values can be
expressed as the sum of tristimulus values for each comp@rernprimary) at the
given input level. Note that in order not to add several tinfesblack level, it is
removed from all measurements used to define the model. Ttheradded to the
result, to return to a correct standard observer color siimenez Del Barco et al.,
1995, Post and Calhoun, 2000]. The model is summarized amet@lezed in Equa-
tion (10) forN primaries, and illustrated in Equation (11) for a three @ii@sRGB
device, following an equivalent formulation as the one giy Jimenez Del Barco
et al. [1995].

For anN primary device, we consider the digital input to iHeprimary,d;(m),
with i an integere [0,N], andm an integer limited by the resolution of the device
(i.e.m; € [0,255 for a channel coded on 8 bits). Then, a cdEXYZ...,di(my),...)
can be expressed by :

),) =312 ojlm[x(d(l)) Xid + X
) ) Z| O] m[Y( ( Yk]+Yk (10)
Z(vdl(m) ) Z| Ojlm [Z( ( )) Zk]+zk

with X, Yk, Zk the color tristimulus coming out from@, ..., 0) input.

We illustrate this for a three primariédGBdevice, with each channel coded on
8 bits. The digital input are (i), dg(j), dp(l), with i, j,I integerse [0,255. In this
case, &CIEXYZd,(i),dg(]),dy(l)) can be expressed by :

X(dr (i), dg(]), Ao (1)) = [X(dr (1)) = X + [X(dg(J)) = Xe] + [X(Ao(1)) — Xi] + X«
Y (dr (i),dg(J), do(1) = [Y(dr (1)) = Yil] + [Y (dg(])) — Y& + [Y (do(l)) — Yk]+Yk
Z(d (1), dg(J),db(1)) = [2(dk (1)) — 2] + [2(dg(])) — Zd + [Z(db(1)) — ]+Zi211)

If the considered device isRGB primaries device, thus the transformation be-
tween digitalRGBvalues andRGBdevice’s primaries is as direct as possible. The
A, A€ {X,Y,Z} are obtained by accurate measurement of the black level. The
[A(di(j)) — A«], are obtained by one dimensional linear interpolation il mea-
surement of a ramp along each primary. Note that any 1-Dgntation method can
be used. In the literature, the piecewise linear interpmias mostly used.
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Studies of this model have shown good results, especiallgarkh and mid-
luminance colors. When the colors reach higher luminaree atditivity assump-
tion is less true for CRT technology. Then the accuracy dege (depending on
the device properties). More precisely, Post and Calho88912000] stated that
chromaticity error is lower for the PLVC than for the PLCC owl luminance. This
is due to the setting of primaries colorimetric values at mmasn intensity in the
PLCC. Both models show inaccuracy for high luminance caforsto channel inter-
dependence. Jimenez Del Barco et al. [1995] found that foF €&Rhnology, the
higher level of brightness in the settings leads to a nodigibete amount of light
for a (0,0,0) input. This light should not be added three sinand they proposed a
correction for tha. They found that the PLVC model was more accurate in medium
to high luminance colors. Inaccuracy is more important iw laminance, due to
inaccuracy of measurements, and in high luminance, duedoreh dependencies.
Thomas et al. [2008a] demonstrated that this model is marerate than usual lin-
ear models (PLCC, GOGO) for LCD technology, since it takés &atcount the chro-
maticity shift of primaries that is a key features for chaeaizing this type of display.
More results for this model are presented in the next chapter

4 Model inversion

4.1 Stateof theart

The inversion of a display color characterization modelfimajor importance for
color reproduction since it provides the set of digital eswo input to the device in
order to display a desired color.

Among the models or methods used to achieve color charaatien, we can dis-
tinguish two categories. The first one contains models tteapeactically invertible
(either analytically, or in using simple 1D LUT)[Cowan andv®ell, 1986, Post and
Calhoun, 1989, Berns et al., 1993b,a, Jimenez Del Barca,et345, Katoh et al.,
2001a,b], such as the PLCC, the black corrected PLCC*, th& @0GOGO mod-
els. The second category contains the models or methodshwhé not practically
invertible directly. and that show difficulties to be applieModels of this second
category require other methods to be inverted in practicece list some typical
problems and methods used to invert these models:

e Some conditions have to be verified, such as in the maskinghfitaimura et al.,
2003].

e A new matrix might have to be defined by regression in numemcalels [Katoh
et al., 2001a,b, Green and MacDonald, 2002, Wen and Wu, 2006]

e A full optimization process has to be set up for each colochsas in S-curve
model Il [kKwak and MacDonald, 2000, Kwak et al., 2003] in thedified mask-
ing model, [Tamura et al., 2003] or in the PLVC model [Post @athoun, 1989,
Jimenez Del Barco et al., 1995, Thomas et al., 2008b].

3Equation 10 and Equation 11 are based on the equation pepgsémenez Del Barco
et al. [1995], and take that into account.
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e The optimization process can appear only for one step ofthex$ion process, as
inthe PLVC [Post and Calhoun, 1989] or in the S-curve | [Kwal MacDonald,
2000, Kwak et al., 2003] models.

e Empirical methods based on 3-D LUT (lookup table) can beriegedirectly
[Bastani et al., 2005], using the same geometrical stracturorder to have a
better accuracy, however, it is common to build another gedoal structure to
yield the inverse model. For instance, it is possible tocaitiraft model to define
a new set of color patches to be measured [Stauder et al.].2007

The computational complexity required to invert these nimdeakes them seldom
used in practice, except the full 3-D LUT, which major draeks that it requires
a lot of measurements. However, these models do have théilibsso take into
account more precisely the device color-reproductionufest, such as interaction
between channels or chromaticity inconstancy of the piiesair hus, they are often
more accurate than the models of the first category.

4.2 Practical inversion

Models such as the PLCC, the black corrected PLCC*, the GOG@GBO models
[Cowan and Rowell, 1986, Post and Calhoun, 1989, Berns,et@93b,a, Jimenez
Del Barco et al., 1995, Katoh et al., 2001a,b] are easilyrieeksince they are based
on linear algebra and on simple functions. For these motEsufficient to invert
the matrix of Equation 7. Then we have:

1

Yr xr,max Xg,max ><b,max - X
Yo | = | Yrmax Ygmax Yb,max x |Y (12)
Y8 Zr,max Zg,max Zb,max YA

Once the linearize@Yr, Y, Y} have been retrieved, the intensity response curve
function is inverted as well to retrieve tRal,dg,dy} digital values. This task is
easy for a gamma based model or for an interpolation basedHomeever, for some
models such as the S-curve |, an optimization process caejpired (note that this
response curve can be used to create a 1D LUT).

4.3 Indirect inversion

When the inversion becomes more difficult, it is of use to segtimization process
using the combination of the forward transform and the cdifierence (often the
euclidean distance) in a perceptually uniform color spaoeh asCIELAB, as cost
function. This generally leads to better results than ubnehr models, depending
on the forward model, but is computationally expensive,@rdnot be implemented
in real time. It is then of use to set a 3-D LUT based on the fodwaodel. Note that
it does not mean that an optimization process is useless #inan help to design a
good LUT.

Such a model is defined by the number and the distributioneo€thor patches
used in the LUT, and by the interpolation method used to gédizerthe model to
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the entire space. In this subsection, we review some basis &md methods. We
distinguish works on displays from more general works, Wiiiave been performed
in this way either in a general purpose or especially fortergn One of the major
challenge for printers is the problem of measurement, wisichally restrictive, and
many works have been carried out in using a 3-D LUT for the ccth@racterization
of these devices. Moreover, since printer devices are Yighh-linear, their colori-
metric models are complex. So it has been customary in theéaside to use a 3-D
complex LUT for the forward model, created by using an amedyforward model,
both to reduce the amount of measurements and to perfornotbe space trans-
form in a reasonable time. The first work we know about crgatin. UT based on
the forward model is a patent from Stokes [1997]. In this wdinke LUT is built to
replace the analytical model in the forward direction. Ib&sed on a regular grid
designed in the printed€MY color space, and the same LUT is used in the inverse
direction, simply in switching the domain and co-domaintdthat in displays, the
forward model is usually computationally simple and thatnveed only to use a 3-
D LUT for the inverse model. The uniform mapping of t8MY space leads to a
non-uniform mapping iIrCIELAB space for the inverse direction, and it is common
now to re-sample this space to create a new LUT. To do thatwegnie is usually
designed irCIELAB and is inverted after gamut mapping of the points located out
side the gamut of the printer. Several algorithms can be tsegdistribute the data
[Chan etal., 1997, Groff et al., 2000, Dianat et al., 2006 &xfill the grid [Shepard,
1968, Balasubramanian and Maltz, 1996, Viassolo et al.3R00

Returning to displays, let us call source space the indegrgrablor-space (typ-
ically CIELAB or alternativelyCIEXY2), the domain from where we want to move,
and destination space, tR&Bcolor space, the co-domain, where we want to move
to. If we want to build a grid, we then have two classical apgt®s to distribute the
patches in the source space, using the forward model. Oneseadiirectly a regular
distribution inRGBand transform it taCIELAB using the forward model; this ap-
proach is the same as used by [Stokes, 1997] for printerdeadd to a non-uniform
mapping of theCIELAB space, which can lead to a lack of homogeneity of the in-
verse model depending on the interpolation method usedKBgeee 5). An other
approach can be to distribute the patches regulari@IBLAB, following a given
pattern, such as an hexagonal structure [Stauder et al/] 20@ny of the methods
used in printers [Chan et al., 1997, Groff et al., 2000, Diatal., 2006]. Then, an
optimization process using the forward model can be perorfior each point to
find the correspondinBGBvalues. The main idea of the method and the notation
used in this document are the following:

One can define a regular 3-D grid in the destination colorsfRGB).
This grid defines cubic voxels. Each one can be split into #ehedra (See
Figure 6).

e This tetrahedral shape is preserved within the transfortheource space (ei-
therCIEXYZor CIELAB).
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e Thus, the model can be generalized to the entire space, tesiagedral interpo-
lation [Kasson et al., 1995]. It is considered in this case the color space has
a linear behavior within the tetrahedron (e.g. the tetrabred small enough).
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Fig. 5. The transform betweeRGB and CIELAB is not linear. Thus while using a linear
interpolation based on data regularly distributedRi®B the accuracy is not the same every-
where in the colorspace. This figure shows a plot of reguldidiributed data in a linear space
(blue dot, left) and the resulting distribution after a autwot transform (that mimic€IELAB
transform)(red dots, right).

The most used way to define such a grid is to take directly atidistribution of
points on each digital;, dy, anddy axis as seeds and to fill up the rest of the destina-
tion space. A tetrahedral structure is then built with thesiats. The built structure is
used to retrieve anRGBvalue needed to display a specific color inside the device’s
gamut. The more points are used to build the grid, the moré¢etin@hedra will be
small and the interpolation accurate. Each vertex is definyed ; = (R;,Gj,By),
whereR; =d;, G; =dj, By =dy, andd;, d;, d € [0, 1] are the possible normalized dig-
ital values, for a linear distributiom.c [0,N; — 1], j € [0,Ng— 1], andk € [0,Np — 1]
are the indexes (integers) of the seeds of the grid along gamiary, andN; (resp.

Np, Ng) is the number of steps along chanRgresp.G, B).

Once this grid has been built, we define the tetrahedraltstreiéor the interpola-
tion following Kasson et al. [1995]. Then we use the forwart®l to transform the
structure intoCIELAB color space. An inverse model has been built. According to
the non-linearity of th&CIELABtransform, the size of the tetrahedra is not anymore
the same as it was RGRB In the following section, a modification of this framework
is proposed that makes this grid more homogeneous in theeoator space where
we perform the interpolation; this should lead to a betteuaacy, following Groff
et al. [2000].

Let us consider the PLVC model inversion as example. Thisehiogersion is
not as straightforward as the matrix based models previalgsined. For a three pri-
maries display, according to Post and Calhoun [1989], itim@performed defining
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Fig. 6. The two ways to split a cubic voxel in 5 tetrahedra. These tvethwds are com-
bined alternatively when splitting the cubic grid to guaesnthat no coplanar segments are
crossing®

all subspaces defined by the matrices of each combinatiomea$ured data (note
that the intercepts have to be subtracted, and once all thtgilmations are known,
they have to be added). One can perform an optimization psofog each color
[Jimenez Del Barco et al., 1995], or define a gridcRGB such as described above,
which will allow us to perform the inversion using 3D intefation. Note that Post
and Calhoun have proposed to define a full LUT consideringabrs. They said
themselves that it is inefficient. Defining a reduced reggiéd in RGBleads to the
building of an irregular grid irCIELAB due to the non-linear transform. This irregu-
lar grid could lead to inaccuracy or a lack of homogeneityteipolation, especially
if it is linear. Some studies addressed this problem [Thoetasd., 2008c,b]. They
built an optimized Look Up Table, based on a custom&Bgrid.
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5 Quality evaluation

Colorimetric characterization of a color display devicaimajor issue for the ac-
curate color rendering of a scene. We have seen several snib@¢lcould possibly
be used for this purpose, each of these models have their dvamtages and weak-
nesses.

This section discusses the choice of a model in relation thigttechnology and
the purpose. In the following, we explicit what is the nedert we discuss the eval-
uation of a model depending on the purpose. Before to corclue propose a qual-
itative comparison of some display characterization mdsho

5.1 Purpose

Like any image processing technique, a display color chieriaation model has
to be chosen considering needs and constraints. For cqoydection, the need is
mainly the expected level of accuracy. The constraintsiépgainly on two things:
the time and the measurement. The time is a major issue, §ecme may need
to minimize the time of establishment of a model, or its agailon to an image
(computational cost). The measurement process is criiezduse one may need to
have access to a special device to establish the model. Tistramt of money is
distributed on the time, the software and hardware costpartitularly on the mea-
surement device. We do not consider here some other featittes device, such as
spatial uniformity, gamut size, etc. but only the resulthad point-wise colorimetric
characterization.

Inthe case of displays, the combination needs vs consrsgeims to be in agree-
ment. Let us expose two situations:

e The person who needs an accurate color characterizatioh ésua designer or
a color scientist) has often a color measurement devicéadaj is working in a
more or less controlled environment, and does not mind toadf&-20 minutes
every day to calibrate his/her monitor/projector. Thissper may typically want
to use an accurate method, an accurate measurement deviake tcare of the
temporal stability of the device, etc.

e The person who wants to display some pictures in a party orsenainar, us-
ing a projector in an uncontrolled environment does not reeeéry accurate
colorimetric rendering. That is fortunate, because hedsles not have any mea-
surement device, does not have much time to perform a catibrar to properly
warm up the projector. However, this person needs the colotr$o betray the
meaning she/he intends. In this case, a fast end-user td@zaton should be
precise enough. This person might use a visual calibratioayen better, a vi-
sual/camera based calibration. The method should be abtpke user-friendly
software for making it easy and fast.

We can see a duality between two types of display charaateizmethods and
goals: the consumer, end-user purpose, which intends oilgep the meaning and
aesthetic unchanged through the color workflow, and therateprofessional one,
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which aims to have a very high colorimetric fidelity througle ttolor workflow. We
see also through these examples that the constraints andels are not necessarily
going in the opposite direction.

In the next section, we will relate the quality of a model withlorimetric objec-
tive indicators.

5.2 Quality

Once a model is set-up, there is a need to evaluate its gtmbgnfirm we are within
the accuracy we wanted. In this section, we discuss how to@bjgetive indicators
for assessing quality.

Evaluation

A point-wise quality evaluation process is straightfordiate process a digital value
with the model to obtain a result and compare it in a percéigtpaeudo-uniform
color space, typicalllCIELAB, with the measurement of the same input. Figure 7
illustrates the process.

The data set used to evaluate the model should be obviod#dyetit than the
one used to yield the model. The distribution of this data lsareither distributed
regularly or following a random distribution. Often, authare chosing an evaluation
dataset distributed homogeneously in B8Bdevice space. This is a good choice,
since it will cover the whole device possibility. This cas@lbe a good choice for
the comparison of one method over different devices. Howéwene want to relate
the result to the visual interpretation of the signal thiomgt the whole gamut of
the device, it might be judicious to select an equiprobaligjrittuted data set in a
perceptual color space. This means that most of the datdalliinto low digital
values.

DISPLAY
WHITE

[ DISPLAY |—| MEASURE |— [ xYZ, |l}>| CIELAB, |

1
NG
~ . D]
v
MODEL —'_' CIELAB,

RGB

Fig. 7. Evaluation of a forward model scheme. A digital value is gerthe model and to the
display. A value is computed and a value is measured. Therdifte between these values
represents the error of the model in a perceptually psenidorm color space.
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Quantitative evaluation

Once we have an estimation of the model failure, we wouldbi&eable to say how
it is good or not for a given purpose. The ideal colorimetase is to have an er-
ror below the Just Noticeable DifferenB@IND). Kang [1997] stated on page 167
of his book that the JND is of 2AEZ, unit. Mahy et al. [1994] study assessed that
the JND is of 2.3AE}, units. Considering that th€IELAB color space is not per-
fectly uniform, it is impossible to give a perfect threshulith an euclidean metric
Moreover, these thresholds have been defined for simultesngair comparison of
uniform color patches. This situation almost never fit wittigplay use, it may then
not be the best choice when comparing color display devices.

In the case ofAE}, thresholds for color imaging devices, many thresholds have
been used [Abrardo et al., 1996, Hardeberg, 1999, Schlal®83, Stamm, 1981].
Stokes et al. [1992] found a perceptibility acceptance fotopial images of an av-
erage of 2.15 units. Catrysse et al. [1999] used a thresHd@dumits. Gibson and
Fairchild [2000] found acceptable a characterized disfilay has a prediction error
average of 1.98 and maximum of 5.57, while the non-acceptadd at the best an
average of 3.73 and a maximum of 7.63 usi\ig;,.

Following is a set of thresholds that could be used to quatiié success of the
color control depending on the purpose. In Table 1, we djsish between accurate
professional color characterization, which purpose isrisuee a really high qual-
ity color reproduction, and a consumer color reproductinich aims only at the
preservation of the intended meaning, and relate the parnwik objective indica-
tors.

Considering the professional reproduction, let us comgtake following rule of
thumb. If we want to reach a good accuracy we need to consigeindicators: the
average and the maximum error. Let us consider the avenage:( to 1 is consid-
ered good, from 1 to 3 acceptable, and over 3 not acceptdbiewl we consider
the maximum, from 0 to 3 is good, from 3 to 6 is acceptable, @verot accept-
able. If we compare this scale with the rule of thumb used brdelaerg [1999], it
makes sense since below three it is hardly perceptible,ahee sf we look at the
work of Abrardo et al. [1996]. If we look at the JND proposedkgng [1997] or
Mahy et al. [1994] it seems to make sense since in both cdsegpbdis under
the JND. In this case we would prefer results to be good, anthit be possible to
discard a couple model/display if it does not satisfy thisdition. In the case of this
professional reproduction, it could be better to use theimam error to discard a
couple model/display. Considering the consumer predictie propose to consider
that from 0 to 3 it is good, from 3 to 6 it is acceptable, and @/iiis not acceptable.
In this case we would rather accept methods that shows avegaglts up to 6, since
it should not spoil the meaning of the reproduction. Thisasibally the same than

6A JND is the smallest detectable difference between a stpaind secondary level of a
particular sensory stimulus, in our case two color samples.

"The JND while usingAEg, should be closer to one than with other metrics but has still
been defined for simultaneous pair comparison of uniforrorquhtches.
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the rule of thumb proposed by Hardeberg [1998jtceptible but acceptableeing

the basic idea of preserving the intended meaning.

Table 1. This table shows the set of thresholds one can use to assegsdtity of a color
characterization model, depending on the purpose.

AE;, Professional Consumer
MeanAE, | MaxAE}, | MeanAE},
-<1 good
1< — <3| acceptable
3<-<6 not acceptabl acceptable| acceptable
6<— not acceptabl@ot acceptabl

good good

[©]

5.3 Color correction

The different approaches presented in the previous sacti@characterized by dif-
ferent parameters, such as the accuracy on a given techlyndh@gcomputational
cost, the number of measurements required, etc.

The accuracy of the color rendering depends on the choicetbfthe method
and the display technology and features.

Display characteristics, such as temporal stability otiapaniformity have to
be taken into account. Some of these parameters are studieel literature, for in-
stance in [Thomas and Bakke, 2009, Bakke et al., 2009]. Hew@able 2 presents a
qualitative summary of different display colorimetric caeterization models based
on quality thresholds from Table 1, and on the experimesniatn several displays
of different models in relation with the nature and numbemefasurements needed.
The complete quantitative analysis of these models areepted in the literature
[Colantoni and Thomas, 2009], [Thomas et al., 2008a], [N4ika et al., 2008].

We only focus on five models that are a representative sagpfiaxisting ones:
The Piecewise Linear assuming Variation in ChromaticityM®@) model [Post and
Calhoun, 1989, Jimenez Del Barco et al., 1995, Thomas étG08a], Bala’s model
[Bala and Braun, 2006, Bala et al., 2007, Mikalsen et al. 820én optimized poly-
harmonic splines based model [Colantoni and Thomas, 2808]pffset corrected
Piecewise Linear assuming Chromaticity Constancy modeC{) and the Gain-
Offset-Gamma-Offset (GOGO) [Cowan and Rowell, 1986, Podt@alhoun, 1989,
Berns et al., 1993b,a, Jimenez Del Barco et al., 1995, Kétah,2001a,b].
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Table 2. Qualitative interpretation of different models based ohl&dl. The efficiency of a
model is dependent on several factors: the purpose, the enflneasurements, the nature
of the data to measure, the computational cost, its accuescyAll these parameters depend
strongly on each display.

Model PLVC ‘ Bala PLCC* |Polyharmonic splings GOGO
Type |54 (CIEXYZ| 1to3visual| 54 (Y) 216 (CIEXY2 3to 54 (Y)
of measures| tasks for measures measures measures
measurement 1 to 3 pictures3 (CIEXY2D 3 (CIEXY2
Technology| dependent| dependent| dependent independent CRT
Purpose | Professiona] Consumer | Professionall Professional Consumer
or Consumer or Consumer

6 Conclusion and per spectives

Successful color-consistent cross-media color repréatuckepends on a multitude
of factors. In this chapter we have reviewed briefly the stéditthe art of this field,
focusing specifically on displays.

Device colorimetric characterization is based on a modeickvcan successfully
predict the relationship between the media value and thar iteklf. A model can be
based on knowledge on the device technology, then a few mezasat or evaluation
is necessary. A numerical model based on measure only casdeetoo, which
requires usually more measurement, and requires to takeofanore aspects, such
as an interpolation method and the distribution on the imgidata set.

Point-wise colorimetric characterization of displaysdas®thing that is working
considering objective indicators. Within this chapter,reeiewed different means to
achieve this result. Display technology is evolving reédist. New technology might
requires the definition of other types of models. For instarkis happened with
the emergence of multi-primaries devices, which means rtiane three primaries,
there are some works that adress the transform from a setpoinNaries and a 3-D
colorimetric data.

This chapter only treated on point-wise, static models.s&aech direction could
be to define dynamic models, which could take into accounspatial uniformity,
the temporal stability, etc.

Within the last section of this chapter, we mainly wantedhove how we can
evaluate the quality of a couple display/color characitign model with the tools
we have in hands and to give an idea of how to select a modeldivea purpose.

In summary, the choice of a couple display/color charazaion model depends
on the purpose. However, all the considerations we disdusgetaking into account
colorimetric objective indicators. In the case of complmages, indicators based
on pointwise colorimetry show their limit. As far as we knalere are no com-
prehensive work addressing color fidelity and quality fomgdex color images on
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displays based on more human indicators. But there are sese@nch initiated in
this direction.

Furthermore, to reach an efficient perceived quality ofldigpd images, we need
to relate the work on image quality metric and and the disptdgr rendering qual-
ity. That means to define an objective indicator for color gmauality viewed on
displays related to the accuracy of the color rendering.

This point of view could be of benefit, particularly while &dering new “in-
telligent” displays that adapt backlight to the image caht8uch displays makes a
static model inefficient.
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